Using the panel component of the Michigan Survey of Consumers, we estimate a learning model of inflation expectations, allowing for heterogeneous use of both private information and lifetime inflation experience. "Life-experience inflation" has a significant impact on individual expectations, but only for one-year-ahead inflation. Public information is substantially more relevant for longer-horizon expectations. Even controlling for life-experience inflation and public information, idiosyncratic information explains a nontrivial proportion of the inflation forecasts of agents. We find that women, ethnic minorities, and less educated agents-groups with perennially high inflation expectations-have a higher degree of heterogeneity in their idiosyncratic information and give less importance to recent movements in inflation. During the 1990s and early 2000s, consumers have believed inflation to be more persistent in the short term. However, quarterly inflation fluctuations have a smaller effect on long-term inflation expectations, especially in recent years, suggesting that agents believe shocks to be temporary.
Introduction
In ‡ation expectations are central to macro-economic models and monetary policy (Sims, 2009) , and managing consumers'in ‡ation expectations has become one of the main goals of policy makers (Bernanke, 2004) . Indeed, national surveys of public in ‡ation expectations are now conducted in multiple countries. 1 A notable feature of these micro-data is the substantial divergence among individuals'beliefs (Mankiw, Reis, and Wolfers, 2003) . Using the Michigan Survey of Consumers'
forecasts it is possible to show that, over the last half century, heterogeneity of predictions for future in ‡ation has been one of the main features of agents' beliefs ( Fig.1 ). This dispersion in beliefs (as measured by the interquartile range of expectations) is signi…cant (with a median of about 5 percent) and has persisted over time.
Interpretation of data and policy outcomes is greatly a¤ected by whether models assume rational expectations or some sort of bounded rationality (Lucas, 1972) , with disin ‡ationary monetary policy being more costly with irrational agents (Roberts, 1997 in ‡ation expectations can generate over-investment in real assets (Sims, 2009 ), cause …nancial speculative behavior (Nimark, 2012) , and impact the economy's vulnerability to shocks (Badarinza and Buchmann, 2011) . Therefore, understanding the determinants of the heterogeneity in in ‡ation expectations is crucial and can also inform modern macroeconomic models.
While previous empirical evidence has shown that individuals are not fully informed about future outcomes, there is little work explaining the heterogeneity of individuals'expectations and how they learn from new information. This paper …lls some of this gap. We propose a model where agents provide in ‡ation forecasts based on observable information -such as the previous in ‡ation rates experienced in their lifetime (as in Nagel, 2011, 2013 ) -and unobservable information, and study how they update their beliefs. Our model improves upon previous work by including idiosyncratic heterogeneity and dynamic updating of each agent's in ‡ation expectations.
For this purpose, we use the panel component of the Reuters/University of Michigan Survey of Consumers (1978 Consumers ( -2009 ). Previous studies have focused on the aggregate evolution of beliefs and 1 mostly forgotten about the panel dimension of survey expectations (Keane and Runkle, 1990; Souleles, 2004; and Anderson, 2008 , are exceptions). Some studies (Branch, 2004 (Branch, , 2007 Lanne, Luoma and Luoto, 2009) study how di¤erent forecasting rules …t the expectations of consumers in the Michigan dataset. However, they study only the heterogeneity of forecasts and do not actually model the updating rule of the same consumers in di¤erent periods. Therefore, learning and updating of individuals'beliefs is still largely understudied. 2 Our model estimates reveal that life experience in ‡ation matters a lot more for near-term forecasts, than for longer-term in ‡ation expectations of agents. Agents attribute a large weight to public information for in ‡ation expectations over the 5-10 year horizon, suggesting that individuals do not believe short-term ‡uctuations to be persistent over the long term. However, even controlling for demographic information, life experience in ‡ation, and public information, idiosyncratic information explains a non-trivial proportion of the in ‡ation forecasts of agents. Our model …nds that the role of life experience in ‡ation is substantially lower than the corresponding estimate of Malmendier and Nagel (2013) . This suggests that, accounting for the heterogeneity of idiosyncratic information and persistence over time, life time experiences play a smaller role relative to the mean-cohorts analysis in Malmendier and Nagel.
We …nd substantial demographic heterogeneity, with individuals di¤ering in how much weight they give to life realizations and how quickly they update their information. In particular, women, ethnic minorities, and less educated agents have larger heterogeneity in beliefs, and are slower to update their expectations, giving a smaller focus to recent in ‡ation events in their life experience.
The same demographic groups -women and less educated agents -have been found in the literature to report higher in ‡ation expectations and to be less informed about objective measures of in ‡ation (Bryan and Venkatu, 2001 ; Bruine de Bruin et al., 2010; Armantier et al., 2012). Since we …nd that in ‡ation series adjusted for the expenditure patterns of a large range of distinct demographic groups tends to be very similar to overall in ‡ation (McGranahan and Paulson, 2006) , the di¤erences in updating and learning that we observe are likely to be driven by di¤erent information processing rules and not distinct in ‡ation experiences. We also allow for the coe¢ cients in our model to vary over time in order to control for changes in the macro-environment. Our …ndings show that, over the years, heterogeneity of expectations for both short-term and long-term in ‡ation has decreased substantially. This is consistent with studies that …nd in ‡ation was easier to predict in recent times (Stock and Watson, 2007) .
The Michigan survey also collects data on subjective income growth rates of respondents.
Policy-makers are always concerned about the vicious cycle of in ‡ation expectations feeding into wage demands. We do …nd that households do incorporate their in ‡ation forecasts in their income growth expectations, but only to a modest degree.
Previous literature on in ‡ation expectations has studied possible explanations for the heterogeneity of agents'beliefs. Souleles (2004) shows that in ‡ation beliefs are systematically heterogeneous and correlated with household expenditures. Also, past studies …nd that females, racial minorities, and lower income respondents have larger forecast errors than average (Souleles, 2004 , Anderson, 2008 . Our study uses heterogeneous lifetime experiences of in ‡ation in individuals' updating process, and estimates a structural model of belief-updating, which helps uncover the sources of heterogeneity in consumer in ‡ation expectations. Other studies look at the (cross-sectional) heterogeneity of in ‡ation forecasts and explain it as a result of di¤erent lifetime in ‡ation experiences (Malmendier and Nagel, 2013) , heterogeneity in both prior information and new signals (Patton and Timmermann, 2010) , switching between di¤erent prediction rules (Branch, 2004 (Branch, , 2007 , or rational inattention (Carroll, 2003; Mankiw, Reis, and Wolfers, 2003) . We show our model greatly outperforms these models when trying to explain the heterogeneity in expectations across individuals and over time. Patton and Timmermann (2010) , like us, conclude that heterogeneity in observable information signals is not a major factor. However, our model is richer since it measures demographic heterogeneity in expectations and also allows each agent to update public and idiosyncratic information signals di¤erently. 3 This paper is structured as follows. Section 2 discusses our model of expectations formation and outlines how we deal with both observable information and unobservable idiosyncratic beliefs. Section 3 summarizes the Michigan survey dataset. Section 4 discusses the results of our learning model, analyzing di¤erences across demographic groups and over time. Finally, Section 5 concludes the paper with a summary of our …ndings.
2 The model of expectation updating
Basic model
We denote p t 0 ;ijt as the prediction for the annualized in ‡ation to be realized in quarter t 0 t that agent i makes in quarter t. Assume agent i of cohort s learns about future in ‡ation by using an updating parameter for new information and vector of previous experiences x t 1 lived in his lifetime until the previous period, lif e t;s ( ; x t 1 ), plus other public information available to everyone, z t . Lifetime in ‡ation experience is measured as a prediction based on a weighted average of the previous in ‡ation experiences of the agent, with more recent experiences slowly adding to older ones (as in Malmendier and Nagel, 2013) . Public information includes all contemporary information generally known to the public, such as the last reported in ‡ation rate. We assume, for simplicity, a linear updating model for future in ‡ation expectations based on lif e t;s ( ; x t 1 ) and z t : 2.1)
where denotes the importance attached to lifetime in ‡ation experiences, and p t 0 ;ijt is idiosyncractic information. That is, agents'expectations are assumed to depend on both public and idiosyncratic information. While in ‡ation is an aggregate event, there could be several sources of idiosyncratic information a¤ecting individual agents'predictions. For instance, agents may di¤er in how frequently they read …nancial news, if at all, or in the price information observed at their local supermarket.
Also, poorer households are more likely to be aware of rent and food price in ‡ation (because of saliency), while richer households should arguably be more aware of prices of durable and luxury goods (see Armantier et al., 2012) . Likewise, older households could be more sensitive to health costs. Since the sources of idiosyncratic information di¤er markedly across households of di¤erent background, it is reasonable to assume that p t 0 ;ijt is heteroscedastic both across demographic groups and time.
We assume the idiosyncratic information term, The term informs us how slow individuals are to update their idiosyncratic opinions, which can be a mix of both the innovation process in their information sources and of the actual behavioral 4 speed with which the agent updates his predictions. It is assumed u t 0 ;ijt is normally distributed
can be interpreted as a measure of the unexplained heterogeneity or dispersion in agents'beliefs about future in ‡ation. It can also be interpreted as "disagreement" in opinions, as in Mankiw, Reis, and Wolfers (2003) and Rich and Tracy (2006) . The Michigan survey data collects information for two time horizons, 1 year and 5-10 years after the forecast. Therefore, our model allows us to learn about the dispersion in expectations at di¤erent time horizons.
The variable of lifetime in ‡ation experience, lif e t;s ( ; x t 1 ), is given by a simple recursive least squares learning model of the observations in one's lifetime. Suppose individuals are trying to estimate a stochastic process of in ‡ation based on x t :
This model could imply a simple mean in ‡ation process if, for instance, x t = (1), or an AR (1) if x t = (1; t ) 0 . We assume that individuals estimate b t recursively from past data following
, and
where the recursion starts in period t = s + 1, with b s;s = (0; ::; 0) 0 and R s;s = x s x 0 s . Also, we de…ne each cohort s as the time quarter in which the agents reaches 13 years of age. These initial conditions assume agents start their life with the naive prior that in ‡ation is 0. We assume agents start their life as forecasters in their teenage years rather than birth, because it is reasonable to think that parents completely decide consumption in early childhood and therefore this period provides little shopping experience to learn about in ‡ation. For > 1 past data gets down-weighted relatively fast, therefore our results are not very sensitive towards the initial prior of 0 in ‡ation or the …rst date of the agents'learning experiences (Malmendier and Nagel, 2013 ).
The two joint equations in expression 2.3.2) de…ne a recursive least squares algorithm in both the matrix of covariates (R t;s ) and the vector of coe¢ cients (b t;s ), in which each time period is assigned a di¤erent weight. There could be two reasons why agents use such a recursive learning framework:
one, that there are time-varying shocks to the parameters b t which justify larger weights given to recent periods (Marcet and Sargent, 1989) , especially when the observed shock is big (i.e., the forecasting error t b 0 t 1;s x t 1 and the change in the covariates matrix x t 1 x 0 
Estimation
To study the learning process of in ‡ation expectations we use the panel component of the Michigan Survey of Consumer Expectations. In this survey, respondents give, for two consecutive semesters, their subjective expectations of in ‡ation in the next 12 months and in ‡ation for the next 5-10 years.
The Michigan data allows us to measure observable heterogeneity in expectations updating across di¤erent demographic characteristics. Therefore we consider heterogeneity in learning by allowing the empirical model to di¤er across x i , i.e.: $ = $(x i ), with x i including income, education, race, and gender. To estimate the model we assume z t includes all available public information; therefore z t allows us to measure how much agents approach the ideal rational agent.
Since it is di¢ cult to specify all the public information available to agents we consider two di¤erent speci…cations for z t , as in Malmendier and Nagel (2013): one, z t includes dummies for each time period (i.e., quarters in our application); two, z t corresponds to the median prediction for in ‡ation in the next year from the Survey of Professional Forecasters (SPF). Also, we include the interquartile range among the SPF panel in each quarter, i.e., the di¤erence between the 75th and the 25th percentiles of in ‡ation forecasts, as a measure of the heterogeneity of information for each period.
Our panel, however, only includes observations for two periods, which requires specifying a di¤erent likelihood for the initial observation. We solve this by specifying the …rst period error term to be a purely idiosyncratic term p t 0 ;ijt 1 = u 1 t 1;i and using the AR(1) process, p t 0 ;ijt = p t 0 ;ijt 1 + u 2 t;i , in the second period. This gives us two variance terms to estimate, 2
where the …rst one is the heterogeneity of expectations in the …rst interview and the second one represents the innovation in idiosyncratic information after 6 months. 6 Furthermore, we consider parametric forms for $ = $(x i;t ):
3) = exp( x i;t )=(1 + exp( x i;t )), 6 Another option is to impose
, which is the steady-state variance for someone with a(i) quarters of age. Assuming this form has no qualitative di¤erences in our results. We prefer to report the two variance terms for each panel period due to its simplicity.
where x i;t fFemale, Asian, Black, Hispanic, Young, Middle-aged, low-income, middle-income, years of education, half-decade, t 1 ; j t 1 t 2 j, SP F IQR t g. The choice of half-decade dummies (1980-85, and so on) was made as a way to summarize the evolution of the heterogeneity in expectations, without including too many parameters. We also allow 2 u i to depend on the in ‡ation change observed in the previous period, since previous studies …nd that individuals are more uncertain in periods of high and volatile in ‡ation rates (Rich and Tracy, 2006) . Note that is standardized as a logit ratio between 0 and 1, implying that the weights given to public information and life experience sum to one for each agent.
This empirical model is estimated by Maximum Likelihood. 7 Our likelihood function must account for two aspects: one, the selection probability that the respondent i was selected to be a part of the Michigan Survey; two, the in ‡ation predictions of the same agent i in the …rst interview at time t and the second interview 6 months later are correlated. The …rst component takes into account that the Michigan Survey selects respondents of di¤erent demographic backgrounds. This component is typically summarized by survey statisticians as the expansion factor or population weight of each observation. In our case this population weight is the inverse of the selection probability that a respondent i with characteristics X i was selected for a …rst interview, S i;1 = 1, times the probability of being interviewed a second time S i;2 = 1:
where Pr(S i;1 = 1 j X i ) is given in the Michigan Survey and Pr(S i;2 = 1 j X i ; S i;1 = 1) is a logit function of the follow-up interview based on gender, age, marital status, household size, income, census region, and education. The second term accounts for the possibility that attrition in the panel follow-up is non-random (as shown to be the case by Anderson, 2008 ). In applied terms, some analysts interpret the population weight as the number of households represented by each observation in the sample, since it takes into account that the sample is a subset of the population and the sample representation of each demographic group is di¤erent. Now our likelihood must also take into account that the in ‡ation predictions of the same agent i are correlated in both interviews. Let ( p t+4;ijt ; p t+6;ijt+2 ) represent the joint probability of individual i reporting an in ‡ation prediction p t+4;ijt at time t and reporting a prediction p t+6;ijt+2 at time t + 2. By Bayes rule, we can simplify this probability as a multiple of the probability of the in ‡ation prediction in the …rst period, ( p t+4;ijt ), times the probability of the in ‡ation prediction of the 2nd period ( p t+6;ijt+2 j p t+4;ijt ) conditional on the …rst period prediction. Since the unobservable idiosyncratic terms are assumed to be bivariate normal distributed, then their probability density functions can be summarized as:
), and
2(1 (
Finally, the population Likelihood function for all agents i = 1; :::; N t interviewed at all periods t is given by
subject to expressions 2.3.1)-2.4) and 3.1)-3.5). Asymptotically consistent standard-errors and con…dence intervals can be obtained with 100 bootstrap replicas (Rao and Wu, 1988) . 8 Also, to avoid giving more weight to quarters where the population is highest, we standardize the sum of the weights in each quarter to be the same, i.e., P Nt i=1 f i = P , for any t. 9 8 Another method for computing asymptotically valid standard-errors is to compute the Robust Huber-White variance matrix by applying the weights fi
to each observation i. One advantage of bootstrap standard-errors is that each sample replica incorporates uncertainty about the true panel attrition process and the value of the population weights fi, while the Robust Variance Matrix assumes that the true panel attrition process is known with certainty. The robust standard-errors are available from the authors upon request. 9 This essentially prevents recent periods (when the American population is largest) from having a larger importance relative to past periods. Without loss of generality we normalize P to be 300 million individuals.
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The updating rule for lif e t;s ( ; x t 1 ) expressed in 2.3.1) to 2.4) is highly non-linear in the in ‡ation rates of previous periods and the age of the respondents, requiring the algorithm to go over all the lifetime in ‡ation rates of each cohort and compute a di¤erent weight for each period. To reduce the computation burden of this exercise we computed the life in ‡ation series of each cohort t+4jt;s ( ; (1; t 1 ) 0 ) at 244 di¤erent values of and then used a linear interpolation rule to compute the life in ‡ation at intermediate values. 10 Note that this approximation does not mean that the likelihood function is maximized in two steps. We maximize the likelihood function of 5) in a single step for all parameters. However, since the values of t+4jt;s ( ; (1; t 1 ) 0 ) are approximated with some error, then there is an additional precision error in our estimation. According to Judd (1998), approximating a function through linear interpolation between points gives consistent and shape-preserving estimates of the true function as the number of evaluation points increases to in…nity. Since we use 244 points to approximate a function of one unknown parameter, it is reasonable to expect that the approximation error is small. There is a correlation above 99.9% between adjacent series of around 2 and 4.5, which represent the most likely values for the parameters. The correlation between life in ‡ation at adjacent points is high, therefore there is little measurement error involved in this approximation. It collects data on point forecasts and density forecasts of several macro variables over a range of forecast horizons.
Descriptive analysis
Before estimation of the updating model described in Section 2, we show some descriptive patterns in the data. We retain the full sample for this purpose and do not restrict to the respondents who are re-surveyed. Figure 1 shows the median one-year ahead in ‡ation expectations in the Michigan survey. Compared to realized one-year ahead in ‡ation the median underestimates the realized in ‡ation up to the early 1990s. After that, the median expectation slightly overestimates the realized in ‡ation. The visual depiction of the two series suggests that in ‡ation expectations lag behind realized in ‡ation, i.e., they seem to be anchored to realized in ‡ation in the survey 1 1 Our analysis assumes that this question elicits the percent change in income in nominal terms.
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year. The …gure also reports the 25th and 75th percentiles of the expectations distributions. The interquartile range -a measure of respondents' disagreement -is quite large. Though the range is larger in periods of high in ‡ation, the interquartile range is about 5% even in periods of low in ‡ation. This indicates substantial heterogeneity in point forecasts of survey respondents.
To shed light on di¤erences in expectations, we regress the respondents' point forecast of one-year ahead in ‡ation onto a set of demographic variables plus the annual rate of in ‡ation prevalent at the time of the survey as well as the actual realized one-year ahead in ‡ation. The …rst two columns of Table 1 show that female, Black, Hispanic, young, the less wealthy, and less educated respondents report higher expectations, similar to results found in previous studies (Bryan and Venkatu, 2001 , Bruine de Bruin et al., 2010). Also, the coe¢ cient on current in ‡ation is about 0.4, while the magnitude of the coe¢ cient on one-year ahead in ‡ation is close to 0. This suggests that respondents are closer to adaptive expectations than to rational expectations.
Column (3) of Table 1 shows the heterogeneity in revisions of one-year ahead in ‡ation expectations by regressing the absolute change in point forecasts between the two surveys onto a set of demographic variables plus the absolute error in the respondent's forecast in the …rst survey (de…ned as the absolute gap between the respondent's point forecast of one-year ahead in ‡ation and actual realized one-year ahead in ‡ation) and the realized change in in ‡ation between the two surveys. We see that females, minorities, young, lower-income, and less-educated agents make larger absolute revisions. These are the same demographic groups that report larger in ‡ation forecasts (the …rst two columns of the table), and therefore have more to learn in order to approach less biased expectations. Furthermore, the absolute error in the respondent's forecast and the realized change in in ‡ation between the two surveys have positive and statistically signi…cant coe¢ cients. Therefore respondents with worse forecasts in the …rst survey tend to make larger revisions, and respondents revise their beliefs more during periods of more variable in ‡ation.
The last two columns of Table 1 report the OLS estimates of a regression of the absolute error in the respondent's point forecast for one-year ahead in ‡ation in each of the two surveys that respondents answer. We conclude that demographic groups who report larger point forecasts and revise more between the two surveys -females, minorities, young, the less wealthy and the less educated -also make larger forecast errors. Also, even when interviewed the second time, error patterns by demographics look similar. These results are consistent with Souleles (2004) and Anderson (2008) who also …nd that females, racial minorities, and low income respondents make larger forecast errors than average. We also …nd a positive relationship between the absolute error in the …rst survey and the error in the second survey, i.e., there is persistence in forecast errors of respondents.
Why do certain demographic groups report larger point forecasts, make larger forecast errors, and revise more? It could be that females, lower-income individuals, less educated, young, and minorities have di¤erent actual in ‡ation experiences and hence report larger point forecasts. Also, groups facing more volatile in ‡ation rates could show less persistence in their in ‡ation expectations.
However, we …nd that this explanation is unlikely and should play a minor role. The Chicago Fed and time period (t), we look instead at the broad heterogeneity of forecasting model parameters of di¤erent percentiles of the population, in particular the 10, 25, 50, 75 and 90 percentiles. In Table   2 , we report the estimated population means for the overall mean in ‡ation forecasts in the …rst and second interviews (E How much of the in ‡ation forecasts can be attributed to di¤erent sources of information? Table 2 reports that the life experience AR (1) This is interesting, because it shows people do not believe short-term ‡uctuations to be persistent over the long term. This is a strong sign that consumers during the recent crisis trust the ability of the Federal Reserve to revert short-term in ‡ation ‡uctuations over the long term.
The median agent's updating speed of life experience in the AR (1) This result makes sense, since long-term in ‡ation faces smaller shocks than the in ‡ation rate of a single year.
Di¤erences across demographic groups and over time
We next report all the coe¢ cient estimates of our in ‡ation expectations learning model in Tables   3, 4 and 5 and its variation across di¤erent demographic groups. Table 3 shows the coe¢ cients for the mean expectations process and its weighting between public information versus life experience (z t and ). Table 4 reports the coe¢ cients for the life experience learning ( ). Finally, Table 5 shows the parameters of the dispersion and persistence in idiosyncratic information ( dummies as a measure of public information, while the second alternative uses the SPF median forecast for the mean in ‡ation rate in the next 10 years. As in the case for the near-term horizon, we take into account the interquartile range of the 10-year in ‡ation rate among the SPF sample as a proxy for heterogeneity of information. An important aspect is that the SPF survey only elicits forecasts of in ‡ation at a 10-year horizon since 1991, although it elicits information of in ‡ation in the next 12 months since 1981. For this reason we include both the SPF median forecast at a 10-year horizon for the period after 1991, and the one-year ahead SPF forecast for the period before 1991. Both coe¢ cients are reported in the tables 3, 4 and 5. Table 3 shows the estimated coe¢ cients and standard errors for the mean expectations process, z t , , and . The coe¢ cients for z t show that agents give little value to the information in SPF in ‡ation forecasts at the one-year horizon. In fact, the content of the Michigan agents' public is close to 0 and not statistically signi…cant. This is interesting, because it suggests that people in the early 1980s were slow to react to the credibility of the new regime imposed by Volcker.
Our estimation of the life experience AR(1) model ( ) is similar across demographic groups and also over di¤erent time periods (Table 4 ). This is interesting because it shows that agents show a constant learning gain over the last 30 years, and that there were no periods of faster convergence towards a di¤erent AR(1) process. Table 5 shows that women, ethnic minorities, the young, lower income, and less educated agents have a higher degree of heterogeneity in their expectations (i.e., larger estimates of 2 u i ). Also, there is a higher dispersion (or disagreement) in the in ‡ation predictions of households in periods of higher in ‡ation and more volatile in ‡ation (as measured by the absolute change of in ‡ation in the previous two quarters). This is true for the heterogeneity of expectations both at the one-year and 5-10 year 
Personal income growth forecasts
Economists are often worried that in ‡ation expectations could a¤ect wage demands. We explore this issue by studying how the households'personal income growth forecasts in the next year relate to their in ‡ation expectations. The …rst two columns of Table 6 
Model Fit
As we discussed before, several explanations and models have been o¤ered to explain the evolution of in ‡ation expectations and its heterogeneity, including, for instance, sticky expectations (Mankiw, Reis and Wolfers, 2003) and di¤erent life experiences (Malmendier and Nagel, 2013) . In relation to the previous alternatives in the literature, our model includes heterogeneity in the use of information both in terms of observable information (demographic groups attach di¤erent importance to their lifetime experiences) and unobservable idiosyncratic information. In this section we compare the …t of our model, which we label as Heterogeneous Idiosyncratic Updating (HIU) model, with three other alternatives: i) the Malmendier-Nagel model of public information and life AR (1) To make the models easier to compare, we specify that all the public information in the HIU model and its three alternatives is summarized by the SPF median forecasts. The Malmendier and Nagel models are nested by our HIU model speci…ed in section 2, except that the vector of parameters $ f ; ; ; 2 u i g is estimated without heterogeneity. The Heterogeneous Sticky Expectations model considers that agents make use of available public information, but update their forecasts at infrequent periods. Obviously, we do not observe when was the last quarter in which each agent i may have updated his prediction. Therefore we calculate a set of linear forecasts based on the information of the 8 previous quarters and then select the prediction closest to agent i's forecast: HSE i;t+4 = arg min h2f1;:::;8g p t+4;ijt LP t h+4 . The prediction is obtained by doing a linear regression in each period t of E [ t 1 j t; SP F t 1 ; t 2 ] = t (1; SP F t 1 ; t 2 ) 0 , based on all the information observed until t. This set of regressions gives a linear prediction (LP) of future in ‡ation in the next quarter t + 1 of LP t+1 = t (1; SP F t ; t 1 ) 0 , which can be iterated to obtain a prediction for mean in ‡ation in the next 12 months~
We similarly obtain a sticky expectations prediction for the next 5-10 years, using the SPF median forecasts for the mean in ‡ation in the next 10 years and 1 year horizons.
After producing the predictions from these distinct models, we compare the probability density distribution of their forecasts with the distribution of the individual agents'production, p t 0 ;ijt , in the real data. The probability density functions for the forecasts of each model m are estimated non-parametrically for each quarter using a kernel estimator,p m;
where we choose K() to be the Epanechnikov function and the bandwidth h = pm;t(x) )@x. The Kullback-Leibner is a measure of the expected log-distance between two di¤erent density functions, therefore the bigger it is the worse is the …t between the model and the data. Figure 2 .1 plots the estimated density functions for the one-year ahead in ‡ation forecasts in the data, our model (HIU) and the three alternative models. Since it is inconvenient to show the density distributions for each quarter we concentrated on two periods: i) the average across all quarters, ii) the year before the last …nancial crisis, i.e., between the 2nd quarter of 2005 and the 1st quarter of 2006. Also, we di¤erentiate between the density functions for the …rst interview of the respondents and their re-interview six months later. It is clear that our HIU model is much closer to the actual distribution of the data than the alternatives. The data shows that in ‡ation forecasts are spread between 0% and 10%, a feature which our HIU model replicates well. However, the alternative models show that predictions should be heavily concentrated between 2% and 4%.
The results are very similar whether we look at the …rst or the second interviews. Figure 2 .2 plots the estimated density functions for the 5-10 year in ‡ation expectations for the same periods. Again, the data shows there are forecasts all over the interval of 0 to 10%, which is a characteristic that only our model replicates, while the alternatives are highly concentrated around a narrow interval of 2% to 3%. Now we look at the plot of the Kullback-Leibner distance of each model for every quarter in the last 3 decades. 
Conclusion
Di¤erences in in ‡ation expectations across agents are large and persistent over time (Figure 1 ).This paper proposes a model where agents provide in ‡ation forecasts based on observable information -such as the previous in ‡ation rates -and unobservable information. In our model, upon receipt of new information, agents may update both the public information as well as their idiosyncratic information. We use the panel data of the Michigan Survey of Consumers to estimate the model, and show that individuals are highly heterogeneous in their updating of in ‡ation expectations. Our model vastly outperforms other models in explaining the heteroscedasticity of agents'expectations, con…rming that di¤erences in the dynamic updating of information is an important feature in in ‡ation expectations data.
Our model estimates reveal that life experience in ‡ation has a signi…cant impact on near-term in ‡ation expectations of individuals. However, despite controlling for demographics, life experience in ‡ation, and public information, we …nd that idiosyncratic information matters in the in ‡ation forecasts of agents. Notably we …nd a smaller role of life experience in ‡ation than Malmendier and Nagel (2013) . Our model di¤ers from them in that it accounts for the heterogeneity of idiosyncratic information and persistence over time.
We also …nd that, over the years, heterogeneity of expectations for both short-term and long-term in ‡ation has decreased substantially. Also, in the recent decades, agents rely more on previous observed in ‡ation to forecast future in ‡ation rates. This result is consistent with studies that …nd in ‡ation and earnings have become easier to predict in more recent years (Stock and Watson, 2007) .
During the 2000's the previous period in ‡ation rate matters more for the one-year horizon in ‡ation forecast than for long-term in ‡ation expectations, showing contemporary consumers expect in ‡ation shocks will revert over the long term.
One notable …nding is that individuals di¤er in how much weight they give to their observable life experience in how shocks feed into future in ‡ation (though there is little variation across individuals in the gain parameter for life experience in ‡ation). In particular, women, Blacks, Hispanics, lower income and less educated agents are slower to update their expectations. This slowness in the updating of new information could explain why these groups systematically report inaccurate expectations. In addition, we …nd that the same subgroups have greater heterogeneity in their beliefs, which cannot be explained by their di¤erent experiences. Overall, these results suggest that there is room for information interventions, and have normative implications for central bank communication. Our …ndings suggest that a multi-pronged approach targeting di¤erent sub-populations should be more e¤ective in reducing the disagreement in agents'expectations.
This conclusion is relevant for improvements in future macro modeling of agents' reactions, since it shows heterogeneity is a much more essential feature of the data than the dichotomy between rational expectations versus backward looking expectations or adaptive updating. Several structural macro models do not have a stable equilibrium when there is heterogeneity of in ‡ation expectations and updating (Giannitsarou, 2003) , implying that standard monetary policy is unable to make in ‡ation converge to the best possible outcome. Also, heterogeneous learning dynamics imply that monetary and …scal policy has di¤erent e¤ects on agents'savings (agents that believe in higher future in ‡ation will save and invest less), as well as on the steady-state rate of government de…cits (Evans, Honkapohja and Marimon, 2001 ). Therefore, our …nding that agents' learning about in ‡ation is highly heterogeneous should have important implications for the simulation of realistic macro models and policy-making. Standard Deviations in Parentheses. ***, **, * denote signi…cance at the 1, 5, and 10 percent levels, respectively.
